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Managing Corporate Portal Usage
with Recommender Systems
In the article, we demonstrate how a recommender system can be utilized to manage
the service usage in corporate portals. The proposed recommender system was evaluated
at Bayer, whose corporate ﬁnancial portal has about 5000 users. We ﬁnd that the
recommender system increases service usage by about 20 %. At the same time,
the maintenance effort is minimal.
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Teaser In the article, we demonstrate
how a recommender system can be utilized to manage the service usage in
corporate portals. The proposed recommender system was evaluated at Bayer,
whose corporate financial portal has
about 5000 users. We find that the recBusiness & Information Systems Engineering

ommender system increases service usage by about 20 %. At the same time, the
maintenance effort is minimal.

1 Introduction and Motivation
Web portals like Yahoo or MSN are very
popular on the public Internet because
they provide centralized and unified access to a variety of heterogeneous services. For the same reasons the portal
technology has also entered the intercompany and intra-company space. Over
and beyond the possibility to provide a
single point of entry to a company’s services, corporate portals (also referred to
as enterprise information portals (Firestone 2000; Shilakes and Tylman 1998;
White 2000) or enterprise portals (Eckerson 1999; Knorr 2004)) can also perform more complex tasks. For example,
corporate portals can be employed for
communication and negotiation (Arbin
and Essler 2002), for collaboration of geographically dispersed employees (Knorr
2004), or to control and optimize business processes (Dias 2001; Murray 1999).
In contrast to public portals, corporate
portals are designed for a closed user
group, i.e., to support the employees of
a company. After their initial implementation, corporate portals typically undergo an evolutionary process. Eckerson
(1999) and Dias (2001) characterize different levels of portal evolution, ranging from ‘referential’ (providing access
to information) over ‘interactive’ (integrating applications) to ‘specialized’ (execution of specialized business processes).
An example of a corporate portal of the
fourth generation (Dias 2001; Eckerson
1999) is employed at Bayer, which is one
of the largest German companies. This
corporate financial portal has more than
4|2013

5000 users and provides a total of 72 services. Table 1 provides a short description of a small, but representative sample
of the kind of services that are available
at this corporate portal, which highlights
the complexity and heterogeneity of the
service portfolio.
Previous literature provides good descriptions for the initial development
phase (Davydov 2001; Hazra 2002; Remus 2007; Sullivan 2003) as well as
for the continuous software engineering process (Vo 2007) of corporate portals. Moreover, the potential of corporate portals to increase productive efficiency is emphasized (e.g., Benbya et al.
2004; Terra and Gordon 2003; White
2003). However, the challenges that come
alongside with the evolution of corporate portals are often neglected. Most importantly, as the corporate portal develops from a mere referential knowledge
portal, where employees actively search
for relevant documents, to an interactive or specialized enterprise application
suite (White 2003), which encompasses
a growing number of services, it is vital to keep the employees informed about
the portal’s current functionalities. Otherwise the prospective increase in productivity that is attributed to corporate
portals will hardly be realized.
In practice the employees often develop (or hold on to) “offline” workflows
because they are unaware that a readily available service already exists in the
corporate portal (or has recently been
developed). However, in most cases the
“online” workflow, if it exists, would be
more efficient. A prominent example are
services that generate reports that are
comprised from several external and internal data sources (e.g., a sales report
which automatically retrieves sales data,
exchange rates and customer information). Users who do not know the re213
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Table 1 Sample services from Bayer’s corporate ﬁnancial portal. The sample includes services that provide functionalities which are referential (e.g., search for afﬁliates), interactive (e.g., FX trades), and specialized (e.g., tax assessments),
demonstrating the heterogeneity and complexity of services that are available in a corporate portal of the fourth generation
FX rates

This service allows users to lookup foreign exchange (FX) currency conversion rates used by the company. It offers
access to the various FX rate types (month-end, daily, current market rate, etc.) for current and historic data. By using
this service users from all departments can access all FX rates that are used throughout the company.

FX trades

The FX trades service enables users across departments and regions to enter and edit FX trades through the corporate
portal. The trades are stored and processed in the underlying finance system. The web-based user interface is
optimized to cover the most common FX trade types so that the user does not have to be trained in the complex input
masks of the finance system. Related reporting services deliver aggregated reports.

Search for
affiliates

The search for affiliates service offers search across the entire affiliates database of the company. It is connected to the
company’s central master database and allows users to lookup key facts for each affiliated company. It is accessible for
all users of the portal.

Tax
assessments

All incoming tax assessments are initially registered through this service and subsequently processed in a business
process until the tax assessment has been finally accepted. This service serves as example for rather process-oriented
services that are connected to several other services such as the tax-declaration or tax-audit service, here.

spective service have to retrieve this information manually from the distributed
sources and thus experience a significant
overhead. Collecting this data may be
very cumbersome (e.g., attachments in
emails) and, even worse, the data may be
outdated outside of the corporate portal (e.g., data in spreadsheets). Consequently, to increase productivity and accuracy it is vital to identify the relevant
services for each employee (Elsner and
Krämer 2010).
Problem Identification One of the central problems in evolving corporate portals is therefore to match the portal’s services and functionalities to those users
(employees) to whom these services and
functionalities are useful in achieving
productive efficiency. The problem is amplified through the dynamic environment in which it occurs. On the one
hand, as described above, in large corporate portals the existing service landscape is steadily changing as new services are added or as existing services are
augmented by new functionalities. On
the other hand, the user base is steadily
changing as new users are added, or as
existing users are assigned a different job
assignment which in turn requires adaptations in their optimal corporate portal
service portfolio.
The problem is relevant because employees are usually reluctant to explore
the portal’s functionalities on their own.
Thus, one cannot expect that the matchmaking between users and services will
occur without a purposeful design of the
1 More
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corporate portal’s interface. For example, usage data from the fourth generation corporate portal that is employed at
Bayer revealed that more than 50 % of
the users access only a single service from
the total of 72 services that are offered
by the portal. One might argue that this
can be explained by the (unlikely but feasible) fact that users simply do not consider the available services as useful for
their work. However, it was also found
that newly registered users, who are not
yet informed about the corporate portal’s
service portfolio, did not actively search
for the available services that might be
relevant for their work: On average, a
new user looked at the textual description of only about 1.3 services in the
first month after registration, although at
least 23 services were accessible to him.1
This indicates that there is a need to design the interface of the corporate portal such that users are made aware of
the services that are relevant for them,
but without distracting them from their
current workflow. Evidently, the productivity gains that are attributed to corporate portals can only be harnessed if
this match-making is accomplished in an
unobtrusive way.
In this article, we apply the design science methodology (Hevner et al. 2004;
Peffers et al. 2007) in an effort to develop a software artifact that addresses
this match-making problem in evolving
corporate portals. In particular, we design a recommender system for corporate
portals that suggests relevant services to
the employees and study its usefulness in
a field experiment. The remainder of this

article is organized as follows. Section 2
introduces the design objectives and requirements. Next, the design principles
and development of a recommender system for corporate portals are discussed in
Sect. 3. Thereafter, the data collection and
prototyping is described in Sect. 4 and
the usefulness of the artifact is evaluated
in Sect. 5. Finally, Sect. 6 concludes the
article with a discussion of the results and
limitations of this study.

2 Design Objectives and
Requirements
Objectives: The objective of this design
research is to overcome the informational deficit of corporate portal users
as described above, which should ultimately lead to an increase in service usage. Hence, the design objectives can be
pinpointed as follows:
Objective 1 Increase the number of services that are explored by a corporate
portal user.
Objective 2 Increase the number of services that are (repeatedly) used by a
corporate portal user.
The first objective relates to a reduction
of the portal users’ information deficit.
Evidently, users that explore more of
the corporate portal’s services can subsequently make an informed choice on
whether a considered service is useful
for them or not. The second objective
relates to the achievement of increased

detailed descriptive statistics of this corporate portal are provided in Sect. 4.
Business & Information Systems Engineering
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productivity through the corporate portal. This objective rests on the assumption that the services that are offered in
the corporate portal are all work-related
(e.g., no games) and that using these services is more efficient than any given offline workflow that might exist. Both assumptions will generally hold in actual
instantiations of corporate portals.
Requirements Clearly, in order to
achieve the above objective, the portal’s users have to be provided with recommendations about relevant services
that are available in the corporate portal. The artifact that shall be designed
to deliver such recommendations must
additionally fulfill several requirements
in order to make it admissible to the organizational context in which the artifact
shall be used. These requirements are
discussed in the following.
The services that are offered in corporate portals typically fulfill a dedicated business purpose and are thus only
useful to a comparably small subset of
the overall user population. To exemplify
this point, consider again the services at
Bayer’s corporate portal provided by Table 1. It is obvious that the perceived
usefulness of these services depends crucially on the job description of the portal’s user. For instance, the services ‘FX
trades’ or ‘tax assessments’ are only relevant to those employees that are involved
in such business. Thus, a first requirement is to offer the users personalized
recommendations for services.
Second, service recommendations
should ideally include all relevant services. Thus, the type I error (that relevant
services are not recommended) should be
kept minimal, while keeping the type II
error (that non-relevant services are recommended) in check. This is particularly
relevant in the context of corporate portals because the number of services (i.e.,
recommendable items) is rather small.
Thus, each missed recommendation for
a relevant service yields a relatively large
type I error. In turn, if too many irrelevant services are recommended (high
type II error), then the system’s recommendation may soon be perceived
as a nuisance and will subsequently be
ignored.
Third, the personalized service recommendations should not rely on organizational structures. This is important
because services may often be relevant
across departments and it may be difficult to identify a complete list of the departments (or better the employees) for
Business & Information Systems Engineering

which a particular service is potentially
relevant. Consider the ‘search for affiliates’ or ‘FX rates’ service in Table 1, for
example. These services are clearly useful
across departmental boundaries. However, the relevance of a given service to
different departments may also be more
subtle. Reconsider the ‘FX trades’ service here. Clearly, the core functionality
of the service may only be relevant to a
small, specialized group of employees (as
described above). Nevertheless, the service generates also various aggregate reports that can be of relevance for employees outside of this narrow user circle and in other organizational units (e.g.,
for monitoring purposes).
Fourth, the presentation and generation of service recommendations should
be unobtrusive. This requirement is motivated by the desire for a “calm technology” (Weiser and Brown 1996), which
shall assist the employee, but shall not
distract him from his work. In the present
context, this requirement evokes two immediate sub-requirements. First, the generation of service recommendations shall
require little or no explicit input from
users or portal management. On the one
hand, this sub-requirement is driven by
the observation that users in such a corporate context will not actively search for
new services and will most probably also
not provide explicit feedback on their service usage. On the other hand, it is evident that the maintenance of a complete
documentation of each employee’s individual tasks in executing a business process, which could then be mapped to the
portal’s services, is impractical in today’s
working environment. This is particularly true for large enterprises with many
employees, in which corporate portals are
typically employed. Taken together, this
necessitates a solution which is capable of
deriving relevant service recommendations bottom-up (i.e., through inferences
from the portal’s usage), rather than topdown (i.e., through central oversight and
delegation). Second, this calls for an ambient interface that can be processed in
the periphery of the user’s awareness
(Wisneski et al. 1998) and draws attention only when necessary. This subrequirement is rooted deep in the literature on computer supported cooperative
work (CSCW) and will most certainly
also be demanded by the general management of the company in which the
artifact is deployed.
Given these requirements, it is obvious that regular trainings or newsletters
4|2013

are not appropriate means to achieve the
above objectives in this context. In corporate practice these methods are likely
to be considered too costly, time consuming, or intrusive. Moreover, these means
would almost certainly have to rely on organizational structures in order to derive
personalized recommendations. Instead,
in this article we investigate the use of a
recommender system (Burke et al. 2011;
Jannach et al. 2010) in corporate portals. Recommender systems can fulfill all
of the above requirements: Recommendations can be made without the need
for user input on the basis of usage patterns and the identified differences and
similarities between different users (Ekstrand et al. 2011, p. 10). In this vein, personalized recommendations can be derived that do not rely on organizational
structures. In contrast to trainings, a recommender system is much less costly,
more timely and requires only very little maintenance after it has been implemented. Moreover, recommendations
that are based on usage patterns are dynamic, as they incorporate which services
the employee is currently using, and are
automatically updated if an employee’s
usage profile changes, e.g., due to a different job assignment within the same
company. Assuming that each of the corporate portal’s services is at least known
to some users, the recommender system can infer recommendations for optional services from the usage of other
employees.

3 Design of a Corporate
Recommender System
In this section, we build on Elsner and
Krämer (2010) to identify and discuss
design principles for a corporate recommender system that meets the above
requirements. First, we provide a brief
overview of recommender systems and
discuss the differences to publicly available recommender systems. Then, we
propose design principles for a recommender system in the present context.
3.1 A Brief Introduction
to Recommender Systems
The popularity of recommender systems has constantly increased since the
first implementations by Goldberg et al.
(1992) and Resnick et al. (1994). Popular
examples are Amazon’s book recommendation system, music recommendations
215
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by last.fm,2 Netflix’s movie recommendation system,3 and Facebook’s friend
recommendation4 service. Although different recommender systems exist for
various fields of operations, the purpose of all systems is similar. According to Mulvenna et al. (2000), the basic concept of recommender systems is
“to provide users with what they want
or need without requiring them to ask
for it explicitly”. However, the selection
process among the several existing algorithms is strongly dependent on the
goal of the system and on the environment the system is to be implemented in
(Adomavicius and Tuzhilin 2005). Netflix, for example, offered one million dollars for a recommender algorithm that
would improve over its own algorithm
(Bell and Koren 2007). Although recommender systems have already been deployed in a variety of contexts (Jannach
et al. 2010), we are not aware of a recommender system that was employed in
a corporate portal with the objective to
stimulate service usage. Thus, there are
no previous design artifacts that meet
the above requirements upon which we
can directly build. Most related are the
works of Zhen et al. (2010) and Girgensohn et al. (2010), who consider recommender systems for relevant documents
based on users’ queries in a corporate
knowledge management portal. Consequently, these recommender systems require user input and thereby violate one
of the above requirements. Other implementations of recommender systems
in enterprises propose recommendations
for collaborative teams (Zhen et al. 2009)
or for team staffing (Malinowski et al.
2008), and thus have a different objective.
More generally, there exist some fundamental differences with respect to users,
item base, and requirements between recommender systems to be employed in a
corporate Intranet and the public Internet. These are summarized by Table 2.
First, the user information in a corporate
Intranet is usually more accurate (Pazzani 1999). Using single sign-on, each
portal visitor can be identified and the usage can be tracked. Combined with further information, e.g., about the department or position of each user, recommendations can be computed more accurately than in public portals. Second, the
item base is usually much smaller in the

Table 2 Differences between recommender systems employed in the Internet and
the Intranet. Recommender systems in the public Internet typically operate on a
large number of items and are used by a very large user base, which emphasizes
scalability. By contrast, recommender systems in corporate Intranets operate on
much fewer items and a smaller user base, which emphasizes the need for a high
recommendation quality
Attribute
Users
Items
Requirements

Public internet

Corporate intranet

– Number

High (millions)

Few thousand

– Information

Usage data, voluntary profile

+ department, position

– Number

High (thousands to millions)

Less than thousand

– New items

Frequently

Seldom

– Scalability

Important

Barely relevant

– Quality

Find good items

Find all good items

corporate context. Prominent public implementations of recommender systems
such as GroupLens (Konstan et al. 1997)
or Tapestry (Goldberg et al. 1992) use
systems with several thousand items and
users. Amazon’s book recommendation
(Linden et al. 2003) deals with numbers
of millions. In large recommender systems with many users and items, the recommender algorithms have to be optimized for scalability and must be able
to handle large amounts of data. This
affects the quality of the recommendations (Berkovsky et al. 2007). However, if
the recommendation of a relevant item
is missed in such a large recommender
system, there are still enough other items
with similar quality left to be recommended. Therefore, the lack of one relevant item will typically not have a significant impact on the evaluation of the
quality of the system as a whole (Hill
et al. 1995). Shardanand and Maes (1995)
flag this scenario with the term find good
items. By contrast, in corporate portals
with comparably few items and comparably less changes in the item base, the
recommendation quality is more important than scalability. Missing to recommend one relevant item has a comparably large impact since the overall number
of relevant items is usually low. Therefore, as noted above, a key requirement
of the corporate portal recommender system is to find all good items (Herlocker
et al. 2004).
3.2 Design Principles
Given the specific requirements for a corporate portal recommender system in

the present context, appropriate design
principles are identified next. This is a
two-step procedure. In the first step a
suitable recommender concept (filtering
technique) is identified. In the second
step, several implementation options for
this recommender concept are discussed.
3.2.1 Filtering Technique
Adomavicius and Tuzhilin (2005) and
Runte (2000) provide a classification
of filtering techniques for recommender
systems along which the subsequent discussion is structured. At first, manual
and general recommender systems can
be excluded, because it is required that
no user input is necessary, and that recommendations are personalized. At the
next level, an appropriate filtering technique is chosen. The two main filtering
techniques to be considered are contentbased filtering (Buono et al. 2002; Pazzani
and Billsus 2007; Schafer et al. 2007) and
collaborative filtering (Montaner et al.
2003; Schafer et al. 2007; Shardanand
and Maes 1995). Content-based filtering
rests on the assumption that items with
similar attributes will be equally valued
by users with similar preference. Thus,
content-based filtering depends on the
availability of descriptive attributes for
each item and user. Consequently, in order to employ content-based filtering in
a corporate portal context, the employees would have to be motivated to provide their preferences (e.g., job requirements). Even if this would be feasible,
it is questionable whether they can provide this data detailed enough in order

2 http://www.last.fm.
3 http://www.netflix.com.
4 http://www.facebook.com.
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to allow for the identification of matching services. The same problem arises
for the description of the items/services
which would have to be created by portal
management (Balabanović and Shoham
1997). These challenges are amplified by
the complexity of services and heterogeneity of users.5 By contrast, “the goal
of a collaborative filtering algorithm is
to suggest new items or to predict the
utility of a certain item for a particular
user based on the user’s previous likings
and the opinions of other like-minded
users” (Sarwar et al. 2001). The only input that is needed for collaborative filtering is an employee’s usage pattern.
Thereby, the sets of like-minded users can
be derived by comparing the individual
sets of services that the employees have
used within a given time frame. Moreover, employees’ revealed preferences can
be derived from the usage frequency of
each service. With respect to the above
requirements, the main advantages of
the collaborative filtering technique are
therefore (i) the independence of any descriptions for items and, thus, (ii) the
ability to handle all types of items regardless of their attributes and without specific domain knowledge (Bell and Koren
2007), and (iii) the inclusion of revealed
preferences in the computation of recommendations. On the contrary, the main
drawback of collaborative filtering is that
it requires a usage pattern (i.e., an implicit rating) to compute a recommendation. This leads to problems with starting a new recommender system, which
is known as the new-item and new-user
problem (Balabanović and Shoham 1997;
Baudisch 1999; Buono et al. 2002; Schafer
et al. 2007; Zanker et al. 2007). However,
in a corporate portal new users are initially informed about their primary services, and new services are introduced
upon request and therefore have an initial
set of users. Consequently, the new-item
and new-user problem should not arise
in a corporate portal recommender system. In summary, the collaborative filtering concept is thus more suitable for the
application in corporate portals.
Design Principle 1 Use collaborative filtering that is based on individual usage
patterns to derive personalized recommendations in a corporate recommender
system, because in this way no explicit
user input is required.

Table 3 Considered implementation options
Rating rules

User similarity measures

Prediction algorithms

Weekly Average 1 (WA1)

Pearson’s Correlation (Corr)

Average Rating (AR)

Weekly Average 2 (WA2)

Weighted Sum (WS)

Monthly Average 1 (MA1)

Inverse User Frequency (IUF)

Monthly Average 2 (MA2)

Vector Similarity (VS)

Next, collaborative filtering techniques
can be distinguished in memory-based
and model-based algorithms (Breese
et al. 1998). Memory-based algorithms
operate over the entire available data set
in the user-item matrix in order to compute the recommendations. By contrast,
model-based algorithms only use historic
data sets to train a model which is then
applied for the computation of recommendations. The advantages of memorybased algorithms are the usage of realtime data which allows to directly incorporate new users and items and to be able
to immediately react to changes in the environment (Breese et al. 1998). In such
cases the model-based algorithm needs
to train a new model. In comparison,
the main advantage of model-based algorithms is scalability (Breese et al. 1998;
Schafer et al. 2007; Ziegler and Lausen
2004). Since the models are trained offline, the computation of recommendations is comparably fast. However, the
prediction quality is significantly lower
compared to memory-based algorithms
(Adomavicius and Tuzhilin 2005; Breese
et al. 1998; Runte 2000). Therefore, and
because scalability is usually not an issue in corporate portals, only memorybased collaborative filtering algorithms
are considered.
Design Principle 2 Use memory-based
filtering techniques for a corporate recommender system in which it is essential
to find all good items.
3.2.2 Implementation Options
The process for the generation of recommendations using the memory-based
collaborative filtering technique consists
of three primary process steps: (i) Representation of items through implicit ratings r, (ii) computation of the similarity
between users sim(u, a), and (iii) prediction of the relevance pa,j of all items j that

Adjusted Weighted Sum (AWS)

user a has not yet rated. For each step several different implementation options are
available, which must be evaluated in the
given context.
The implementation options for a corporate recommender system to be discussed in the following are summarized
in Table 3. The final decision which
combination of rating rule, user similarity measure and prediction algorithm
should be chosen depends highly on the
attributes of the target system.
Therefore, the different implementation options should be evaluated with
respect to their impacts on the prediction quality with actual field data. This
can be done using a prototyping procedure known as All-but-X and Given-X
(Breese et al. 1998; Calderón-Benavides
et al. 2004; Herlocker et al. 2004; Zanker
et al. 2007). Both concepts are based on
predicting the relevance of an item whose
rating is known. Thus, the quality of a
recommender system can be measured by
comparing the linear correlation of the
predicted relevance with the original rating value. For example, in the All-but-X
testing method one random user is selected from the data set who has at least
rated X + 1 items. In the next step, the
rating for X items is randomly removed.
Based on the new set of rated items for
this user, the prediction for the X removed items are computed with all algorithms that are subject to the comparison
(Breese et al. 1998; Herlocker et al. 2004).
The Given-X concept is similar, with the
only difference that instead of removing
X items, only X items are left in the data
set.
When using these testing concepts, the
accuracy and reliability of each possible
implementation of the recommender system can be evaluated by the mean absolute error (MAE) (Sarwar et al. 1998;
Shardanand and Maes 1995) or the root
mean squared error (MSE) (Sarwar et al.

5 For instance, different departments often have different wordings for comparable issues. This would need to be reflected in service descriptions
and user preferences. Moreover, complex and specialized services often cannot be easily textually described.
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1998) of the predictions, respectively.6 In
addition, different implementations can
be evaluated by means of the linear correlation between the predicted and the
observed rating and the average rate of
missed predictions.
The previously described prototyping
procedure is performed in Sect. 4, but
the main results will already be presented
in the following paragraphs in an effort
to carve out the design principles of the
corporate recommender system to be developed here. This should also be useful for practitioners and designers of future recommender systems in a corporate
context.
Rating Rules In the corporate recommender system the rating of services is
derived implicitly from the frequency of
service visits of each user. Service usage
data can be determined by logging every
click (every action) the user executes. The
system can thereby differentiate between
multiple clicks on a service, which indicates that the employee has used the service, and a one-click visit, which merely
indicates a visit without usage. With this
logging concept, a service-visit matrix is
filled which holds the number of service
visits for each user, possibly also including the number of visits per time interval as third dimension. With the help of
time intervals, temporary usage fluctuations due to illness, holidays or other
circumstances that can influence the usage pattern can be accounted for. Furthermore, it is possible to favor recent
over old data. The implicit rating approach has several advantages compared
to explicit ratings but also to other nonintrusive concepts. It uses every interaction with the system and thus fills the
user-item matrix quickly with all available data (Buono et al. 2002). Compared
to explicit ratings, the problem of sparse
ratings does not exist (Delgado and Nahoiro 1999) and, further, users are not required to provide any input, thus avoiding free riding, incentive challenges and
decay in interest.
In order to transform the service-visit
matrix into implicit ratings a specific rating rule has to be adopted. Typically, such
ratings take values on a five-point scale.
Subsequently, four simple implicit rating
rules (see Table 4) will be considered and
evaluated. The challenge in defining an

Table 4 Implicit rating rules for the usage frequency of a service in the corporate
portal. Each service is assigned the highest rating score that applies
Rating

Weekly average 1 (WA1)

5

>2 visits every week

>4 visits in every 2 weeks

4

1–2 visits every week

3–4 visits in every 2 weeks

3

>2 visits in every 2 weeks

2 visits in every 2 weeks

2

1–2 visits in every 2 weeks

1 visit in every 2 weeks

1

>1 visit in every 2 months

> 1 visit in every 2 months

Rating

Monthly average 1 (MA1)

Monthly average 2 (MA2)

5

>7 visits every month

>23 visits in every 3 months

4

5–7 visits every month

13–23 visits in every 3 months

3

3–4 visits every month

7–12 visits in every 3 months

2

2 visits every month

4–8 visits in every 3 months

1

>1 visit in every 3 months

>1 visit in every 3 months

implicit rating rule is to select a rule that
returns a set of ratings with high standard deviation. If a rule returns rather
homogeneous ratings, it is difficult to derive a selective recommendation. A second challenge lies in defining the time
frame from which the usage data is taken.
Therefore, one set of the considered rating rules derives ratings based on the
weekly usage. Another set of alternative
rules derives ratings based on monthly
usage. Assuming that a user uses a service only in one week of a month, the
first rule will return a high rating for this
one week and a low rating otherwise. The
second rule is less sensitive to such usage
fluctuations and will return a steady rating based on the monthly average. The
length of the considered time frame depends on the usage patterns of the portal.
The precise thresholds for the considered
rating rules were determined by analysis
of usage data from a four month period.
The rules were then defined in multiple
steps. Based on a first version, the ratings and the corresponding standard deviation were computed. Afterwards, each
rule was iteratively adapted to maximize
the standard deviation of the ratings.
The prototyping procedure conducted
in Sect. 4 shows that MA1 performs best
in the present context. This result is probably driven by the fact that the corporate
portal under investigation has a very large
user base (more than 5000 users). Thus,
on the one hand, there are many users
that access the portal rather seldomly (a

prediction pj for an item j is compared to the original rating rj with eMAE =
where M is the number of predictions.

6 Each
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1
M

M

j=1 |pj

Weekly average 2 (WA2)

few times per month) and then only use
a few of the available services. On the
other hand, there are also a few ‘power
users’ that access the portal frequently
and use many of the available services.
Under such circumstances, MA1 seems to
provide the best balanced rating rule.
Design Principle 3 Use monthly average (MA1) as implicit rating rule for a
collaborative-filtering recommender system in a corporate portal that has a large,
heterogeneous user base.
User Similarity Measure The user similarity measure expresses the similarity
sim(a, u) between the active user a and
all other users u. It is needed for the prediction pa,j of the rating that a would
give to an item j. In the present context,
the users’ similarity is derived from the
similarity of the implicit ratings. Thus,
for users who have no overlapping service usage, the similarity is zero. Following Breese et al. (1998), three similarity measures are of particular interest: (i) Pearson’s correlation coefficient
(Corr), (ii) vector similarity (VS), and
(iii) inverse user frequency (IUF). Empirical tests by Breese et al. (1998) and Konstan et al. (1997) have identified Pearson’s correlation coefficient as the algorithm with the best performance. However, these tests were not conducted in
the context of corporate portals. In fact,
the prototyping results in Sect. 4 indicate that Pearsons’ correlation coefficient

− rj |, and eMSE =



1
M

M

j=1 (pj

− rj )2 , respectively,
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performs worst and that vector similarity performs best. This result seems to
be driven by the presence of relatively
few, but heterogeneous recommendable
items. As exemplified before (see also Table 2) this stands in sharp contrast to
the usual context in which recommender
systems are employed.
Design Principle 4 Use vector similarity (VS) as user similarity measure for a
collaborative-filtering recommender system in a corporate portal that contains
relatively few, but heterogeneous services.
Prediction Algorithm The three prediction algorithms that need to be considered here are: (i) average rating (AR),
(ii) weighted sum (WS), and (iii) adjusted weighted sum (AWS) (Breese et al.
1998). All prediction algorithms are
based on a neighborhood Ua for each
user a that consists of other users who use
at least one similar service as a. In small
systems, such as in the present context,
where scalability is not an issue, it is useful to select all users who have any similarity with a as a member of his neighborhood. Many other recommender systems also use this approach (Herlocker
et al. 1999; Montaner et al. 2003). AR
takes the average of all ratings for an item.
It is therefore the most simple and naive
approach (Schafer et al. 2007). WS includes the similarities between the users,
which are neglected by the average rating. In this way, ratings of users with a
higher weight have a higher impact on
the prediction than others. However, WS
does not incorporate different rating behaviors. With respect to explicit ratings,
some users will generally give higher or
lower rating values than others (Buono
et al. 2002; Resnick et al. 1994). This is
taken into account by AWS, which substracts each rating for an item by the
user’s average rating. AWS is obviously
the most sophisticated approach and has
been applied in many systems (e.g., Adomavicius and Tuzhilin 2005; Buono et al.
2002; Herlocker et al. 1999; Resnick et al.
1994). Its main advantage is the normalization of ratings which is of high relevance for systems that are based on explicit ratings. However, in systems with
implicit ratings, such as in the present
context, where the rating depends on actual service visits, the normalization may
in fact be counterproductive, because it
levels out the informationally valuable
heterogeneity between users. This is also
confirmed by the prototyping procedure
Business & Information Systems Engineering

Fig. 1 Design of the corporate recommender system. The design principles and
additional requirements are denoted in italic type and located where they have an
impact on the design
in Sect. 4, which reveals that AWS performs worst among the three prediction
algorithms. Indeed, WS turns out to be
the best algorithm for the present context, where ratings are derived exclusively
by implicit ratings.
Design Principle 5 Use weighted sum
(WS) as prediction algorithm for a
collaborative-filtering recommender system that relies exclusively on implicit
ratings.
Finally, the design of the corporate portal recommender system is visualized by
Fig. 1.

4 Data Collection and
Prototyping
4.1 Description of the Corporate Portal
at Which the Data Was Collected
The corporate portal which is used for
prototyping and evaluation of the corporate recommender system is run at Bayer,
which is one of the 30st largest German
companies. The company runs a corporate financial portal which offered more
than 5000 users a total of 72 services
at the time of the data collection. These
range from reporting services to highly
complex services that allow the (automatic) execution of trades, as exemplified in Table 1. The services’ functionalities can be roughly categorized into
search, reporting, and data management,
with about one third of the total services falling into each category. The architecture of the portal is separated into
three layers: data, logic, and user interface. At the data layer, the access to the
4|2013

various data sources and services is established. At the logic layer, the data from
different sources is processed. At the design layer, a standardized presentation of
the processed data is offered to the users.
Figure 2 visualizes this architecture.
The portal was introduced in 2001 and
was constantly extended in the following
years. The user base is comprised by employees from different departments and
several international subsidiaries. However, a usage analysis has shown that
about 40 % of the available services are
used by members of at least two different departments. Thus, a clear assignment of services to specific departments
or functionalities is not possible. Every
employee with access to the company’s
intranet can also access the corporate
portal. If the employee is not assigned a
specific role in the portal, he will only
be able to access the 23 services which
are not protected. Users are automatically authorized based on their intranet
identification, i.e., they are not required
to manually sign in (single sign-on). In
case the user already exists in the portal database, his credentials are automatically loaded. In this case, direct access
to all authorized services is granted without the need to sign in. New users are
added to the database without getting any
special access permissions. Administrators can assign additional rights at a later
point in time. They can also add new
users who have not yet visited the portal.
When those users visit the portal for the
first time they will automatically get the
rights that were already assigned in advance. For every user the date of the last
visit is stored. The following usage data
was taken during a four month interval
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(November 2009 to February 2010). During this time, the service structure of the
portal did not change. In total, 5281 employees actively used the portal during
this time period. On average 2.50 services
(median = 1, min = 1, max = 52, sd =
3.19) were actively used by each user of
the portal each month. More than 50 %
of the users (2729) access only a single
service and about 75 % (4015) of the
users access no more than two services.
In order to explore whether users actively look for services in the corporate
portal, the service visits of new users
during the first six months after their
first visit to the corporate portal are depicted in Fig. 3.7 A service visit is registered anytime a user looks at the textual description of a service. This indicates that the user is aware of the existence of that particular service. However,
this does not necessarily mean that the
service was used. The figure shows the average number of visits split into the number of services that a new user visited for
the first time and those that were revisited. For example, in the third month after the first visit to the portal, the average new user visited only 0.47 services
per month, 0.31 services of which have
already been visited in any of the previous two months. Provided that every user
can at least access the 23 unrestricted services, this usage data strongly supports
our claim that employees do not actively
search or browse the corporate portal for
relevant services.

Fig. 2 Bayer’s corporate portal is organized into three logical layers that provide data connectivity to various sources, services that process the data, and a
standardized user interface to the services, respectively

4.2 Prototyping
Using the concepts All-but-1 (AB1), Allbut-2 (AB2), Given-2 (G2) and Given-5
(G5) a total of 36 implementations of the
recommender systems were tested. These
implementations represent every possible
combination of the four different implicit
rating rules, the three user similarity
measures and the three prediction algorithms presented in Sect. 3.2.2. The MAE,
MSE, the correlation and the percentage of missed predictions were computed
for each recommender implementation
and testing method. In all test-runs, Pearson’s correlation coefficient had a missing rate of over 14 % with an average

Fig. 3 Average services visited per month by new users in the ﬁrst six months after
registration. Values are split into services that were visited by the user in any of the
previous months and new ones. Every user is at least able to see 23 services
of 31 %. This contradicts the requirement of the corporate recommender to
find all relevant items (cf. Sect. 3). Consequently, Pearson’s correlation coefficient
was excluded from further analysis. The
remaining results are listed in Table A-1
in the online appendix.

In order to test for significant differences in prediction quality (MAE)
between the different implementation
options a statistical testing procedure
known as a multiple factor analysis
of variance (ANOVA) is conducted.8
Throughout this paper, statistical signif-

7 The

statistic is based on a total of 466 new users in the period from December 2009 to July 2010. Before this time period, a new user could not be
unambiguously distinguished from a repeated user. New users that were later assigned to the treatment group are not considered.
8 The ANOVA is equivalent to the well-known t-test if there is only one grouping variable that can take exactly two different values. Since we consider a full factorial design with three grouping variables (rating rule, user similarity, prediction algorithm), each of which can take two or more
different values, the ANOVA is the more appropriate test. Similar to the t-test, the null hypothesis is that the mean prediction quality is the same
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Table 5 Pairwise comparisons of the implementation options that were found to have a signiﬁcant inﬂuence on the prediction quality (MAE). Of the rating rules, MA1 performs best. Of the prediction algorithms, AWS performs worst, but there is no
statistically signiﬁcant difference between WS and AR

Rating rule

Compared options

Mean (MAE)

MA1

Adjusted p-value

x

MA2

.707

.864

−.157

<.001

x

WA1

.707

.892

−.184

<.001

x

WA2

.707

.869

−.162

<.001

x

WA1

.864

.892

−.028

1.000

x

WA2

.864

.869

−.005

1.000

WA1

x

WA2

.892

.869

.022

1.000

AR

x

AWS

.817

.893

−.076

.042

x

WS

.817

.789

.029

1.000

x

WS

.893

.789

.105

.003

MA2

Prediction algorithm

Difference

AWS

icance is evaluated at the 5 % level (i.e.,
with 95 % confidence). We find that
the rating rule (F(3,89) = 16.89, p <
0.001) as well as the prediction algorithm
(F(2,89) = 9.22, p < 0.001) have a significant impact on the prediction quality. In other words, we can say with more
than 99.9 % confidence that the appropriate choice of the rating rule or prediction algorithm matters for the prediction quality. However, neither the user
similarity measure (F(1,89) = 0.28, p =
0.60) nor any of the interaction effects
between prediction algorithm, user similarity measure and rating rule have a significant impact on the prediction quality. According to these results, neither the
combination of the implementation options matters nor the choice of the remaining user similarity measures (IUF or
VS). However, with respect to the similarity measures, Table A-1 indicates that
the VS algorithm provides a consistently
lower missing rate. Thus, in the following
VS is considered to be the slightly better
choice.
Although the ANOVA revealed that the
choices of the prediction algorithm and
rating rule have a significant influence
on the prediction quality, it cannot determine which option is the best. To
this end, a multiple pairwise comparison post-hoc test is needed. Since multiple pairwise comparisons increase the
risk of a type I error due to alpha error

accumulation, the p-value at which the
results are considered to be statistically
significant must be adjusted. Here, we
apply the conservative Bonferroni correction to achieve this.9 Note that pairwise comparisons may only be conducted
for those factors that were found to be
significant in the ANOVA, i.e., not for
the user similarity measures. The results
of the pairwise comparisons of the prediction quality for the prediction algorithms and rating rules are summarized
in Table 5. With respect to the rating
rules, it is evident that the MA1 provides the best results for the given field
data. It provides the lowest average MAE
and leads to significantly better outcomes
than all other rating rules. With respect
to the prediction algorithm, it is found
that AWS performs significantly worse
than WS and AR. Therefore, AWS can
be excluded from further consideration.
However, no statistical differences can be
identified between WS and AR. However, with respect to MSE, Table A-1 indicates that WS provides better results, for
which reason it is selected as prediction
algorithm.
Thus, given our data, the specifications for the corporate recommender system should be set to use Monthly Average 1 (MA1) as rating rule, Vector Similarity (VS) as user similarity algorithm
and Weighted Sum (WS) as prediction
algorithm.

5 Implementation and Evaluation
The effectiveness of the proposed recommender system was evaluated in a
field experiment. The recommender system was configured with the implementation options derived during the prototyping procedure and implemented at
Bayer’s corporate portal. Figure 4 shows
the interface of the recommender system,
which was designed to meet the requirement to be minimally intrusive for the
employees.
The effectiveness of the design of
the recommender system was evaluated
during a four month treatment period
(March 2010–July 2010). At the beginning of the treatment period the users
of the portal were randomly assigned to
either the treatment group, which received recommendations for services, or
the control group, which did not receive any recommendations. In addition,
as described before, usage data was collected prior to the treatment period for
all users during a four month comparison period (November 2009–February
2010).
In line with the objectives of the corporate recommender system (cf. Sect. 2),
the main research propositions to be
tested in the field experiment are:
Proposition 1 (P1) The number of newly
visited services are significantly higher in

across the different levels of the grouping variable. Under the null hypothesis, the ANOVA test statistic has an F-distribution. The ANOVA derives
an F-value for each grouping variable, called the main effects, as well as an F-value for all possible combinations of the grouping variables, called
the interaction effects. Given the degrees of freedom of the grouping variable (i.e., the number of values of the grouping variable minus one) and
the residual degrees of freedom of the model (i.e., number of observations minus the sum of the degrees of freedom of the grouping variables minus
one: here 89) , the p-value (significance level) can be computed.
9 To obtain the Bonferroni adjusted p-value, the uncorrected p-value is multiplied by the total number of comparisons. If the answer exceeds 1.0,
the corrected p-value is reported as 1.0.
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Fig. 4 Screenshot of the
interface of the corporate
portal recommender
system. The icon and
message box are located in
the lower right corner of the
portal. Clicking on the icon
opens the
recommendations as
shown in the right panel

Fig. 5 Comparison of new
service visits per week for
treatment (T) and control
group (C) before and during
the treatment period

the treatment group than in the control
group during the treatment period.

Table 6 Average number of newly visited (NV) and newly used (NU) services during the comparison and treatment period for users in the control group (C) and
treatment group (T)

Proposition 2 (P2) The number of newly
used (repeatedly visited) services is significantly higher in the treatment group than
in the control group during the treatment
period.

Period

Confirmation of P1 would indicate that
the recommender was successful in recommending potentially relevant services.
Otherwise the users would not have followed the recommendation. Confirmation of P2 would indicate that the recommender was successful in demonstrating
users the advantages of particular services
for their work.
In order to address the research propositions, the average number of newly visited services (NV) and the average number of newly used (i.e., repeatedly vis222

Comparison
Treatment

Total

Group

Users

Newly Visited (NV)

Newly Used (NU)

Avg.

Avg.

Std. Dev.

Std. Dev.

T

2713

1.161

2.066

0.593

1.390

C

2568

1.113

2.000

0.562

1.197

T

3434

1.071

2.032

0.358

1.020

C

2036

0.851

2.001

0.259

1.069

10751

1.062

2.031

0.447

1.181

ited) services (NU) during the comparison and treatment period are compared
between the treatment and the control
group. Table 6 provides the summary
statistics and Fig. 5 visualizes the differences in NV for the two groups in each
week of the comparison and treatment

period. Both figures suggest that there
are differences in NV and NU in the
treatment and control group during the
treatment period.
In order to confirm this impression, an
ANOVA is conducted to test for statistically significant differences in the average
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Table 7 The difference-in-difference OLS regressions on the average number of
newly visited (NV) and newly used (NU) services indicate a positive and signiﬁcant
treatment effect for the treatment group (Period × Treatment). Thus, the recommender system achieved a signiﬁcant increase in service usage that is not related
to a user’s characteristics or a time trend
Independent variables

Dependent variable
Newly Visited (NV)

Newly Used (NU)

Period

−0.498***

(0.0348)

−0.406***

(0.0262)

Treatment

−0.0420

(0.0327)

−0.0159

(0.0265)

Period × Treatment

0.265***

(0.0485)

0.113**

(0.0359)

Service access

−0.102***

(0.0118)

−0.0250***

(0.00646)

Known services

0.563***

(0.0209)

0.250***

(0.0166)

Experience

−0.465***

(0.104)

−0.390***

(0.0680)

Constant

2.883***

(0.344)

0.763***

(0.183)

Observations

10751

10751

R2

0.617

0.391

Robust standard errors in parentheses: * p < 0.05, ** p < 0.01, *** p < 0.001

number of NU and NV between the two
groups (a) during the comparison period
and (b) during the treatment period.10
During the comparison period, no differences in average NV (F(1,5280) = 0.74,
p = 0.39) or average NU (F(1,5280) =
0.80, p = 0.37) between the groups can
be observed, indicating that the two
groups are similar prior to the introduction of the recommender system. However, during the treatment period, the
two groups show significant differences
in both average NV (F(1,5469) = 15.15,
p < 0.001) and average NU (F(1,5469) =
11.51, p < 0.001).
To further investigate these results, a
difference-in-difference regression analysis is conducted (Ashenfelter and Card
1985). In this vein, it is possible to compare the two groups over the two periods, while controlling for external effects.
In particular, the difference-in-difference
analysis removes biases that could be the
result of a time trend. The results are
summarized in Table 7. Thereby, period
and treatment are dummy variables that
indicate the treatment period and treatment group, respectively. Period × treatment is the difference-in-difference interaction term, which is of particular interest because it indicates the net effect
of the recommender system in the treatment group during the treatment period. Furthermore, several control variables are added that capture how many
services a user can access (service access),
10 Here, the

how many services were known (i.e., visited) by the user in the comparison period (known services), and whether the
user was registered with the portal for at
least one year (experience).
The regression analysis confirms that
both the number of newly visited services and the number of newly used services have significantly increased in the
treatment group during the treatment
period (treatment × period). More precisely, in just four months the recommender system has increased NV and
NU by an average of .265 (.113) new
services, which corresponds to an increase by 22.8 % and 19.1 %, respectively (cf. Table 6). In addition, a negative
time effect (period) is found. Furthermore, there are no differences between
the groups per se (treatment), indicating that there was no bias in the group
assignment. Finally, as expected, all control variables have a significant influence
on NV and NU. In summary, given the
consistent and highly significant results
of the ANOVA and the regression analysis, both research propositions can be
confirmed. This means that the recommended services were perceived as relevant and thus, new services were visited
(P1). Furthermore the employees have
begun to use the newly visited services
(P2), which, as argued before, relates to
increases in productivity.

6 Summary and Conclusions
Summary of Results Corporate portals
are employed to support a company’s
business model and to increase productivity of the employees. However, in order
to harness a corporate portal’s potential,
it is important that the users of the portal
are informed about the available services
and use those that are relevant to their
work. This is a particularly challenging
task for large corporate portals with an
evolving service portfolio and frequently
added new users. In this article, we follow
the design science methodology to pursue the development of a recommender
system with the objective to increase service awareness and usage in a corporate
portal.
First, we identify several requirements
for such a recommender system. The
system shall generate personalized recommendations and identify all relevant
services, without relying on information about organizational structures and
without being intrusive to the employees.
This implies that the system shall neither
require explicit user input nor managerial oversight. Thus, the system can automatically react to changes in the service
portfolio and user base.
Second, we provide guidelines for the
design of a recommender system that
meets these requirements: Collaborative
filtering, which generates recommendations based on usage patterns instead of
content, is identified as the appropriate
recommender concept when no explicit
input is required. Memory-based algorithms are considered to be most suitable in situations where the prediction
quality and not scalability are very important. Moreover, different implementation options shall be evaluated in a
Given-X and All-but-X prototyping procedure in order to maximize the prediction quality for the corporate portal
under consideration.
Third, we evaluate the effectiveness of
the recommender system in a field experiment. To this end, the proposed recommender system was implemented into
Bayer’s corporate portal, which is regularly accessed by about 5000 users. The
total user base was randomly assigned
to either a treatment group or a control
group. For each group the portal’s usage
was monitored for eight months. During
the first four months, the recommender

ANOVA coincides with the t-test. We refer to the ANOVA instead for consistency.
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Abstract
Helmuth Elsner, Jan Krämer

Managing Corporate Portal
Usage with Recommender
Systems
Corporate portals are supposed to support a company’s business model and
to increase productivity of the employees. However, the productivity gain
that can be achieved by corporate portals is often undermined because the
users of the portal are not sufﬁciently
informed about the portal’s capabilities. This is of particular concern for
large corporate portals whose service
portfolio is constantly evolving and to
which new users are added frequently.
In the article, we propose a recommender system for corporate portals
in order to increase service awareness
and usage. Following the design science methodology, a suitable recommender concept is developed and several implementation options are evaluated in a ﬁeld experiment at one of Germany’s largest companies. It is found
that the recommender system increases the number of newly visited services as well as the number of newly
used services in the corporate portal by
about 20 %.

Keywords: Technology management,
Corporate portal, Recommender system, Collaborative ﬁltering, Design science
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system was not visible to any group. During this time no statistical significant difference between the two groups could be
observed. During the last four months
only the treatment group was exposed
to the recommender system. During this
time, the number of newly visited and
newly used services were about 20 %
higher in the treatment group than in
the control group. Thus, the design of
the recommender system has successfully
achieved the objective to increase service
awareness and usage.
Implications Our research results bear
several implications for research and
practice. On the one hand, we contribute
to the research on corporate portals of the
fourth generation, which provide various
applications and services to support the
execution of business processes, by highlighting that after their successful implementation, the user management of such
portals is crucial for their success. We
demonstrate that recommender systems,
which were previously not considered in
this context, can contribute substantially
to harness the true potential of corporate
portals.
On the other hand, we also contribute
to the research on recommender systems
by considering a new context in which
such systems are deployed. The specifics
of the corporate portal under consideration are particularly prone to the use
of a collaborative filtering recommender
system. More specifically, the items to be
recommended are services and not documents, which limits the case for methods
of information retrieval (e.g., contentbased filtering). Furthermore, in the corporate setting it is often infeasible or inappropriate to ask users for explicit ratings. This strongly points to the use of
a (collaborative-filtering) recommender
systems which can operate on the basis of implicitly observed usage behavior.
Due to the fact that the users of corporate portals are a closed group of employees, typical start-up problems of recommender systems (e.g., the new-item or
new-user problem) do not arise. Finally,
the corporate portal considered here had
a large user base, which makes it more
likely that collaborative filtering and implicit ratings will work well. The characteristics of the corporate context also have
ramifications for the choice of the different implementation options. In contrast
to conventional wisdom, Pearson’s correlation coefficient did not perform well as
a user similarity measure. This is due to
the fact that there are only relatively few

(less than hundred), but relatively heterogeneous recommendable items (i.e., services). We found that under these conditions, vector similarity provides a bettersuited user similarity measure. Likewise,
adjusted weighted sum did not turn out
to be the best prediction algorithm, because the recommendable items are rated
exclusively on the basis of usage behavior. Adjusted weighted sum gives less
weight to heavy users which, however,
are the most valuable source of information. Thus, we find that weighted sum
is the better prediction algorithm in a
corporate portal recommender system.
In conclusion, our results suggest to
CIOs that the use of a recommender system for corporate portals is advisable.
This is particularly true for large companies which employ a corporate portal of the fourth generation. Once implemented, the recommender system runs at
zero marginal costs and thus even small
increases in service usage will pay off
soon.
Limitations There are obviously also
several limitations to our study that
should be addressed by future research.
For example, it is evident that the design of the interface of the recommender
system may have a large impact on the
outcome. We chose a minimally obtrusive interface design which may have potentially limited the effectiveness of the
recommender system. Future research
should therefore systematically consider
the impact of other designs on the admittance of recommendations. Moreover,
our empirical analysis is based on a single implementation of the corporate recommender system. Therefore it would
be interesting to compare our results to
other cases. Furthermore, we cannot exclude the possibility that the effect of the
recommender system may wear off over
time; although we do not see any statistical evidence for this in our data. It
may nevertheless be insightful to consider an even longer treatment period in
the evaluation of future design research.
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